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Introduction
The discussions and analyses among policy makers and academics about the impact of public investment on the economy and especially on growth have been a recurring topic during the last two decades. However, the variation in the empirical results is very high, depending on the countries analyzed and the method and data used in each study. This paper investigates the effect of public investment in infrastructure on private output for Germany by applying a multivariate framework. In addition, different variables for public investment and the labor market are applied to analyze the robustness of the effects. Furthermore, we examine if the impact of public investment on private output changes over time by applying a recursive estimation.
The empirical evaluation of the effects of public investment on overall economic performance started with Aschauer's work (Aschauer 1989a; Aschauer 1989b ) which initiated a large and still expanding literature. Aschauer (1989a) shows that a one percent increase in the public capital stock increased private output by 0.39 percent for the USA. Since then many studies followed, analyzing the effect of public investment on output for the USA and for many other countries.
1
But the production function approach used by Aschauer was seriously challenged on econometric grounds (see Gramlich (1994) or Tatom (1991) ). More precisely, after correcting the time-series for non-stationarity, the re-estimated results provide conflicting evidence, since the reported elasticities are lower than in the original studies (Pereira and Andraz 2011) . Furthermore, the approach is limited since it is only a static single equation approach, ignoring simultaneity among the variables and non-contemporaneous effects.
2
Most importantly, this approach assumes the direction of causality to run unequivocally from public investment to private output. But as Eisner (1991) and Hulten and Schwab (1993) concluded, causality may rather run stronger from output to public investment. These concerns led to the estimation using Vector Auto Regression (VAR) models including different variables for output, the labor market, private capital and different variables for public investment (see e.g. Lau and Sin (1997) , Batina (1998) , Pereira (2001) , Kamps (2005) or Jong-A-Pin and de Haan (2008) ).
Yet, another strand of the literature uses panel data. The estimated effects are often smaller in comparison to other approaches (see e.g. Dessus and Herrera (2000) or Kemmerling and Stephan (2002) ). One of the advantages of using panel data is that more information is used and therefore a higher efficiency of the estimator is achieved (Kennedy 2008) . Nevertheless, there are several disadvantages for panel estimation (see e.g. Baltagi (2013) , Greene (2003) or Hsiao (2003) ). In addition, spillover effects are mostly not considered in a panel estimation. Hence, the estimated effect might be too small. Furthermore, studies using panel data usually include only a short sample which might bias the results, too.
The variety of findings are in the focus of severeal meta-analyses (see eg. Ligthart and Suárez (2005) , Bom and Ligthart (2008) and Melo et al. (2013) ), which analyze the determinants of differences across studies. All of the metaanalyses pay more or less attention to the following study characteristics: econometric estimation, model misspecification, data aggregation, measurement of public investment, country and time period and industrial sector. However, the existing meta-analyses only include studies that apply the production function approach.
3 Yet some interesting patterns emerge from the analyses. The results of Ligthart and Suárez (2005) indicate that studies, which employ the variable core inf rastructure or use data at the national level find larger output elasticities of public capital than studies which apply a different approach. Bom and Ligthart (2008) conclude that the heterogeneity of results in the included studies are mainly due to differences in research design, such as the econometric specification, estimation technique, type of empirical model, type of public capital, and aggregation level of public capital. So far, both meta-analyses focus on a more broad definition of public capital. Instead, Melo et al. (2013) focus on the effect of transport infrastructure on private output. The results obtained from their metaanalysis suggest that studies which do not account for the urbanization levels or spatial spillover effects tend to produce higher elasticity estimates. Furthermore, output elasticity of transport infrastructure tends to be larger for the US than for European countries. Overall, the existing meta-analyses show that the obtained results are highly sensitive to the choice of the empirical strategy. But there is, to the best of our knowledge, no meta-analysis that analyzes the effect of fundamentally different estimation approaches (VAR approach vs. production function approach). Furthermore, there is no analysis about the determinants of differences across studies that only apply the VAR approach.
The empirical evidence for the effect of public infrastructure investment on private output for Germany is rather scarce and most of the papers do not use the latest data (see e.g. Mittnik and Neumann (2001) , Kamps (2005) (2010)). Hence, with this paper we contribute to existing literature by providing new empirical evidence for the estimated effect of public infrastructure on private output for Germany using the VAR approach. The second contribution of this paper is to explore the robustness of our results by applying different variables.
Therefore, we apply VAR models for estimating the effect of public investment in infrastructure on private output since it has numerous advantages (Kamps 2005) . First, VAR models do not impose any causal link between the variables like it is done in the production function approach. Furthermore, they allow testing if the causal relationship implied by the production function model is valid or whether there are feedback effects from outputs to inputs. Third, the VAR approach allows for indirect links between the different variables. For example, public investment does not only affect directly output but also indirectly via its effects on the private factors of production. Finally, the VAR approach does not assume that there is at most one long-run relationship among the model variables.
We apply a four variable VAR, typically used in the literature (see e.g. Kamps (2005) or Jong-A-Pin and de Haan (2008)), to analyze the estimated effect of public investment in infrastructure on GDP, private investment and the labor market. More precisely, we apply the approach suggested by Johansen (1988) to detect the existence of cointegration in the data (Kremers et al. 1992 ). In the presence of cointegration we estimate a Vector Error Correction Model (VECM).
We use three different variables for public investment in infrastructure and four We follow Barro (1991) , Mittnik and Neumann (2001) and Pereira and Andraz (2011) , among other authors, and employ public investment rather than the capital stock. In the absence of reliable measures of the capital stock, using public investment is an acceptable alternative. Another strand of research applies the so-called perpetual inventory method to calculate the capital stock. Applying this approach, the researcher has to make assumptions about the assets' lifetime and depreciation, and an initial level for the capital stock is needed. However, these assumptions are non-trivial.
In a second step, we analyze the different estimated effects by impulse-response functions of the estimated models, focusing on long-term elasticities and show confidence intervals computed following the bootstrap procedure suggested by Hall (1988) . Furthermore, we examine if the impact of public investment on private output changes over time by applying a recursive estimation.
The high variability of the results obtained from our analysis documents that the choice of the variables matters for the concrete estimates, and consequently, for economic policy. On average, the estimated effect of public investment in infrastructure on GDP is 0.085 and on private investment 0.143. For the labor market the estimated effect is on average negative (−0.014). However, the effects are higher at the beginning of the sample and diminish over time.
The paper is structured as follows: The next section briefly describes the econometric methodology used in the paper. Section 3 provides an overview of the data and its characteristics. The specification of the models is discussed as well. Section 4 presents the results of the estimated models and its impulseresponse functions. Furthermore, the results for a recursive window are presented.
Section 5 summarizes and concludes. 
where Y t is a k-dimensional vector of time series variables, A, i = 0, 1, . . . , p, are matrices of coefficients, p is the lag order, D t is a n-dimensional vector of deterministic variables and μ t is a vector of innovations with zero mean and covariance matrix Ω. Generally, the VAR model can be estimated by ordinary least squares (OLS).
This finding also holds for non-stationary variables (Sims et al. 1990 ). Therefore, many authors have ignored the problem of non-stationarity. Nevertheless, impulse-response functions and forecast error variance decompositions are inconsistent in the presence of non-stationary variables (Phillips 1998 (Dickey and Fuller 1979) for the residuals of a test equation, the power of this test is limited. As a consequence we use the more powerful approach suggested by Johansen (1988) that tests for more than just one possible cointegration.
The VECM model
The VECM model resembles the VAR model but it is extended for the cointegration relationship. Therefore, we can rewrite equation (1) in the following vector autoregressive error correction form:
where Π denotes the cointegration vector. This specification confines the long-run behavior of the endogenous variables to converge to their cointegrating relationships. The Granger representation theorem stipulates that the matrix Π 8 has reduced rank r < k, i.e. Π = αβ , where α and β are k × r matrices of full column rank r and it applies that Π = αβ and β Y t is I(0) (Engle and Granger 1987) .
The determination of the number of cointegration vectors is provided by the Johansen approach that estimates the matrix Π from an unrestricted VAR with a maximum likelihood technique. In a second step it tests if the restrictions implied by the reduced rank of Π can be rejected. In our case of four variables for a model, there is cointegration if 0 < r < 4. This restriction implies three different cases. First, if the cointegration rank r = 0, then the rank Π = 0. This implies that the variables are not cointegrated and it is appropriate to estimate the VAR model in first differences. At the other end of the scale, if r = k, then the rank Π = k. This means that each variable must be stationary. Hence, the VAR can be estimated in levels by applying OLS. In the intermediate case, when 0 < r < k, the variables are driven by 0 < k − r < k common stochastic trends and rank Π = r < k. In this case, estimating by OLS is not appropriate.
Besides the question whether a variable contains a unit root or not, the specification of the deterministic terms D t in equation 2 can influence the results of the test. Johansen (1995) distinguishes five alternative models, corresponding to alternative sets of restrictions on the deterministic terms. However, two specifications are usually applied in the empirical literature (Franses 2001) . In the following, we choose for each model the relevant specification for our analysis. 
Impulse-Response Function with confidence intervals
After estimating a VAR or VECM model we explore the impact of a change in one variable on another. But a shock to one variable affects all variables through the dynamic lag structure of the model. Since the errors in equation (1) and (2) are correlated with each other, we cannot interpret the impulse-response functions directly. Instead, we have to apply a transformation to the innovations so that they become uncorrelated and we can identify the model. In the empirical literature, the dynamic analysis of VAR models is routinely carried out by using the Cholesky decomposition. However, this approach is sensitive to the ordering of the variables which can have a significant impact on the results of the impulseresponses functions. To avoid such an impact on the results, we use the method of Generalized Impulses as described by Pesaran and Shin (1998) . It creates an orthogonal set of innovations that does not depend on the VAR ordering.
In addition, many studies analyzing effects of different variables by using impulse-response functions do not account for statistic significance in terms of confidence intervals. In particular this applies to studies where VECM models are used. Therefore we apply the bootstrap procedure that can be generally summarized as follows (Kamps 2005): 1. Estimate the parameters of the model (2).
Generate bootstrap residuals
T by randomly drawing with replacement from the estimated residualsμ 1 , ...,μ T .
Construct bootstrap time series Y * t recursively using equation 2 under the condition that the pre-sample values (Y
4. Re-estimate the parameters from the generated data and calculate the impulse-response functions. More precisely, we apply a bootstrapping method suggested by Hall (1988) to make statements about statistical significance. Unfortunately, the bootstrap procedure does not always result in confidence intervals with the desired coverage, even asymptotically (Benkwitz et al. 2000) . Nevertheless, it indicates the estimation uncertainty. While we use only one category for private investment we apply different sub-categories for public infrastructure investment. In Table 1 we present some descriptive statistics on the composition and importance of different categories for public investment in Traffic infrastructure in Germany. First, this investment can be divided into two main sub-categories, namely and Transportation routes (88.8%). The latter is further subdivided into five categories. Investment in Railroads accounts for 11.5% of total public investment in Traffic infrastructure in the beginning of the sample and increases to 21.6% in the years after reunification. In 2009, the last year in the sample, it accounts for almost 13%. The second type of investment in Transportation routes is investment in Tramways. Its share is around 5% and decreases after reunification. 
Specification of the models
In the early years of research on the effect of public investment, non-stationarity and its impact on the results were ignored. Later, most studies used the augmented ADF-test. But the low power of the augmented ADF-test, especially for short time series, requires additional tests. Therefore, besides the augmented ADF-test we employ a second test for unit roots, the so called Phillips-Peron test (PP-test) (Phillips and Perron 1988) . For both of them, the Schwarz-InformationCriterion is used to determine the optimal number of lagged differences included 12 in the test equation.
Furthermore, we include an intercept and/or trend in the equation if they are statistically significant. Both tests indicate for the most of the variables that they are integrated of order one. Only the variables for the labor market that use hours instead of number of people indicate in some constellations stationarity in levels ( Table 2 and Table 3 ). Nevertheless, we treat all variables as integrated of order one, since it is commonly accepted that most of macroeconomic time series are I1.
In a next step we test for cointegration. We apply the Johansen-Cointegration Test (Johansen 1991) since we do not know a priori how many cointegration relations exist. The results of the cointegration test for the different variable constellations are reported in Table 4 . We find for most models one cointegration equation at the significance level α = 0.95, applying the specification that includes levels of Y t with deterministic trends and cointegration vectors with unrestricted intercepts. Nevertheless, Table 4 shows the results for the other specifications.
So far we have determined that all variables are I = 1, i.e. all of them have the same order of integration. Furthermore, they are cointegrated with cointegration rank r = 1. Thus, we continue by applying VECM and can use levels instead of first differences what imply a loss of information. All in all we estimate 12 different models.
5 Each model is optimized with respect to its lag length based on the Schwarz information criterion (Schwarz 1978) . 
Empirical Results
In this section we present the estimated effects of different VECM models for
Germany with a special emphasis on the differences between them. We start with the results of the impulse-response functions which are based on the different models and present the estimated confidence intervals, even if they indicate that the effects are statistically not significant. 7 Second, we show the results of a recursive scheme for each model and compare the results.
5 The 12 models originate from combination of the different variables. We use three different variables for public investment in infrastructure and four different variables for the labor market.
6 If we find still residual autocorrelation in the model we increase the number of lags up to a maximum of two until there is no autocorrelation left.
7 Bootstrapped intervals often do not show the desired coverage (Benkwitz et al. 2000) . Nevertheless, the estimated intervals indicate the estimation uncertainty. Figure 1 shows the impulse-responses for GDP, private investment and the corresponding variable for the labor market to a one-standard-deviation shock to each variable of public investment in infrastructure for a horizon of 20 years for the different models. Besides the impulse responses a 90% confidence interval is shown for each model calculated by applying the bootstrap procedure (Hall 1988 ).
Impulse Response Function Analysis
First of all, it is obvious that higher investment in public infrastructure crowds in private investment, independently from the different variables used in the models (Table 5 ). Only model 6 shows an effect of zero.
8 Next, the estimated effect of public investment on GDP is in general positive. Again, the result of model 6 differs from the other models as the effect of public investment in infrastructure on GDP is almost zero, as well as for private investment. Third, the estimated effect on the labor market is almost zero or even negative. Only two out of 12 models show a response that is slightly above the zero line. 9 Furthermore, most of the impulse-response functions are not significant and the confidence intervals show a wide range (Benkwitz et al. 2000) . This is mainly due to the few observations since we have to use yearly data. These results simply show that estimating the effect of public investment is not as straightforward as it is often claimed.
More precisely, the size of the estimated effects differs substantially, depending on the choice of the variables. Remember that the same approach is used for all calculations. Table 6 
Recursive Estimation
In this subsection we report the results for recursive estimation of the models.
Thereby we analyze, if the estimated effects in section 4.1 are stable or if they rather change over time.
We start with the sample 1970 − 1995 for all models and calculate long run elasticities for them. Next, we add one year and calculate the elasticities again.
The last estimation includes the whole sample (1970 − 2009). We adopt for all models the same number of cointegrations and lags as found for the full sample. Table 7 presents the results. While the estimated effect of public investment in infrastructure on GDP is almost stable and shows for some models only a slight decline, the effect on private investment decreases over time. This result is not surprising as the level of the public capital stock has increased, thereby resulting in decreasing marginal returns. For the labor market the effect is positive in the beginning of the sample but the more years are added to the recursive estimation the weaker is the effect and finally turns negative. and only a few of them are significant. For the labor market the recursive estimation confirms the result that the positive effect of public capital at the beginning of the sample turned negative over time.
To sum it up, we can state the following. First, the average effect of public investment in infrastructure seems to be positive for GDP and private investment for Germany. But the positive effect diminishes over time. Next, for the labor market we find only a positive effect at the beginning of the recursive estimation sample. For the whole sample, the estimated effect is negative. Third, these findings depend strongly on the choice of the variables and are not significant.
Conclusions
In this paper we estimate the effect of public investment in infrastructure on private output for Germany. For this task we set up a four-variable multivariate framework including GDP, private investment and three different variables for All in all, we provide evidence that the large estimates found in the early studies seem to be too high. In addition, we highlight that the size of the estimated effects strongly depend on the choice of the variables and on the chosen sample.
Therefore, our analysis cannot provide a clear answer to the "true" value of the effect of public investment in infrastructure on private output for Germany but at least call attention to the high sensitivity of the estimations to the concrete choice of the empirical strategy. Note: The numbers show the composition of investment in traffic infrastructure and its share in relation to GDP. The estimated long run elasticity of output, private investment and the different variables for the labor market with respect to public capital are calculated as the response after 20 periods divided by a one standarddeviation shock in public capital. The estimated long run elasticity of output, private investment and the different variables for the labor market with respect to public capital are calculated as the response after 20 periods divided by a one standard-deviation shock in public capital.
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